A set of morphological features for mammary ductal structures is proposed for the evaluation of tissue's metastatic potential and exploited for the classification of six cell lines (MCF10 series) from three cancer grades in three-dimensional in vitro breast culture systems. These cultures mimic various grades of breast cancer along the metastatic cascade. Particular proteins of interest are fluorescently labeled and subsequently imaged via multi-spectral confocal microscopy in order to analyze cellular organization and polarity between various tumor grades. A Fourier-based image registration method is employed to stitch the images, 3D watershed segmentation method is used to identify the ductal structures, and morphological image processing techniques are utilized to extract the features. In addition to capturing both expected and visually-differentiable changes, we quantify subtle differences that are challenging to assess by microscopic inspection. Support vector machine-based supervised learning achieves 69.4% and 79.0% accuracy in classifying the ductal structures into pre-cancerous, non-invasive ductal carcinoma, and invasive ductal carcinoma grades after 7 and 14 days in the cell cultures, respectively. These results indicate that the proposed features can be used to describe the effects of morphological changes to the functional changes of the cells along the metastatic cascade.
INTRODUCTION
Living organisms inherently produce highly defined and well-organized tissues and organ systems that are capable of carrying out specific functions. Mutations often cause structural and morphological changes in these systems that yield functional divergences and result in a number of diseased states. Many imaging methods used to grade solid tumor stages rely largely on the subjective evaluation of pathologists and qualitative measures. Pathologists commonly use diagnostic profiles in tumor grading systems to distinguish between varying degrees of tissue health and disease how the cells appear under a microscope, in order to predict how quickly the tumor is likely to spread.
The most frequently used tumor grading system for breast cancer is the modified Scarff-Bloom-Richardson tumor grading system [1] . Pathologists analyze the rate of cell division, percentage of tumor forming ducts, and the uniformity of cell nuclei to determine the cancer grade in H&E stained tissue sections. Subjectivity and variability of the results affect the accuracy of diagnosis and subsequent patient treatment. A recent study indicates that the rate of misdiagnosis of breast cancer varies widely between clinicians and is nearly 40% in some cases [2] . Thus, there is an unmet need for robust methods that reduce the variability and subjectivity of tumor grading. Development of quantitative tools for image analysis and classification are rapidly expanding fields that constitute a great potential for improving diagnostic accuracy [3, 4] .
In this paper, we propose a method for the classification of breast cancer grades in three-dimensional (3D) epithelial cell cultures. In vitro cell cultures provide accurate approximations to in vivo ducts and are highly utilized in breast cancer research [5] [6] [7] . Figure 1 shows a 3D view of a pre-cancerous culture that comprises several ductal structures (commonly referred to as acini) that are surrounded by extracellular matrix (ECM) proteins. Figure 2 shows an enlarged view of a cross-section from a typical pre-cancerous ductal structure. Ductal structures in healthy/pre-cancerous cultures include polarized luminal epithelial cells 1 and a hollow lumen. The lateral membranes of neighboring cells are in close proximity due to cellular junctions and adhesion proteins. The basal side of cells contact the surrounding ECM proteins, while the apical sides of cells face the hollow lumen. Malignant cancers result in disruption of cell polarity that induces changes in ductal structure morphology. In this work, we investigate morphological characteristics of mammary ductal structures in pre-cancerous, non-invasive ductal carcinoma, and invasive carcinoma cancer grades in six cell lines from the MCF10 series grown in 3D cultures. We propose novel features to characterize the changes along the metastatic cascade and exploit them in a supervised machine learning setting for the classification of cancer grades. These features capture similar factors as the Scarff-Bloom-Richardson staging system as well as additional changes observed in breast cancer progression in a quantitative manner to reduce variability. As shown by the classification accuracies, the proposed features efficiently capture the differences caused by the metastatic progression of the cancer. Previous work on this problem includes examining the spatial organization of the cell nuclei in the ductal structures as a function of time in 3D cultures in a limited context [8] . Specifically, the change in the elongation of the ductal structures are observed in in vitro pre-cancerous MCF10A cells 1 A polarized cell has specialized proteins localized to specific cell membranes such as the basal, lateral, or apical side.
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Cell-to-cell Lateral Membrane at 6, 12, and 96 hours after a treatment. In addition, graph theoretical tools [9] [10] [11] were exploited to highlight the structural organization of the tumors. Our method is different than these characterization efforts in that, the classification of cancer grades is achieved over a richer set of small-scale (local) morphological features that are statistically significant. In addition, the features proposed here closely mimic the features that current pathological grading systems utilize. The rest of the paper is organized as follows: in Section 2 we present our methodology; in particular, the extraction of proposed features is described in detail in Section 2.4. Experimental results are shown in Section 3, and finally in Section 4 we present conclusions.
PROPOSED METHODOLOGY
An overview of the proposed methodology is shown in Fig. 3 . MCF10 series cell cultures of pre-cancerous cell lines MCF10A (10A) and MCF10AT (AT), non-invasive ductal carcinoma cell lines MCF10ATKCL2 (KCL) and MCF10DCIS (DCIS), and invasive ductal carcinoma cell lines MCF10CA1h (CA1h) and MCF10CA1a (CA1a) are first imaged using fluorescent confocal microscopy. Figure 4 shows examples of slices along the depth direction from the six cell lines used in our experiments. In order to capture higher resolution images, we capture overlapping tiles and stitch them together as described in Section 2.2. We then segment the ductal structures in these images using the segmentation method described in Section 2.3. Next, morphological features are extracted as described in Section 2.4 and, finally, the cancer grades are decided using a support vector machine (SVM)-based classification method as described in Section 2.5.
Acquisition of Images
Images of the cell cultures are captured 7 and 14 days after cells are embedded and cultured in 3D reconstituted basement membrane (Matrigel TM ) suspensions. The cultures are then labeled with antibodies specific for the proteins integrin α3 (a lateral membrane localized protein), integrin α6 (a basal membrane localized protein), and DAPI (a nuclear dye) prior to imaging. These two proteins and cell nuclei are observed in the red, green, and blue channels of the images, respectively. Three-dimensional volumes of cell cultures are captured by Zeiss LSM 510 META confocal microscope with a 40X water objective as z-stacks of 25μm thickness (1μm slices) with 512×512 pixels (320 μm×320 μm) cross-section area. In order to include larger volumes of the cultures in our analysis, we capture 4 tiles (in 2 × 2 formation) with approximately 20% overlap.
Stitching of Image Tiles
Captured image tiles are stitched together in pairs using the 3D image registration technique proposed by Preibisch et al. [12] . For each tile pair, the method first determines the translative offset that achieves the best registration using the well-known Fourier-based image registration method of Kuglin and Hines [13] . After the translative offsets between all pairs are determined, the tiles are stitched together using a smooth non-linear intensity transform to reduce the brightness variations between the tiles [12] .
Segmentation of Ductal Structures
Segmentation of the ductal structures is accomplished by watershed segmentation [14] , which exploits the morphological characteristics of the structures and is particularly useful for the segmentation of adjoint structures. The process starts with the identification of the ductal structures. We use red fluorescent markers to identify the localization of integrin α3, green fluorescent markers to identify the localization of integrin α6, and blue fluorescent markers to identify the cell nuclei. These markers are observed in the individual color channels of the images and, therefore, we use all color channels to identify the ductal structures.
First, the color channels of the image are individually binarized. Image values are separated into foreground and background classes, where the foreground class represents the stained particles and the background class includes the combination of the gel medium and extracellular proteins. We employ a local adaptation to Otsu's well-known global thresholding algorithm [15] to binarize the color channels. In each slice along the depth direction, we divided the image into rectangular blocks along the horizontal and vertical directions and binarize them separately. This approach handles the spatial variations in the foreground-background contrast better than global thresholding. The noise produced due to the binarization of local regions that contain hardly no information is eliminated by using the edge-based noise elimination that cleans the regions that do not contain any edge from the resulting binary image [16] . Next, the resulting binary color channels are superposed to obtain a single monochrome binary image by logical OR operation. Enclosing ductal structures are identified by applying morphological close operation followed by a morphological fillhole operation [17] to the resulting binary image. Finally, 3D watershed segmentation is applied to label the individual ductal structures. For this purpose, we first obtain a topographic interpretation of the resulting binary image by taking its Euclidean distance transform where the shortest distance to the nearest background pixel for each pixel is measured [18] . The resulting transformed image is then in-verted, while forcing the values for the background class pixels to −∞, to construct the catchment basins and the watershed segmentation method is finally applied to construct to watershed lines to divide these basins and identify the unique ductal structures.
Extraction of Morphological Features
Visual investigation of the ductal structures in cell lines of different cancer grades shown in Fig. 4 reveals differences in ductal structure morphology and localization of integral subunits that are highlighted in Fig. 2 . In order to capture these changes quantitatively, we extract ten morphological features as described next. The features of interest depend on i) morphology of the ductal structure and the hollow lumen and ii) densities of the basal and lateral proteins localized in the ductal structure. These features are computed in each ductal structure for the slice that the ductal structure has the largest cross-section area along the depth direction.
Ductal Structure Elongation
Ductal structures in the pre-cancerous grades of cancer have more symmetrical round shapes. Malignant cancer grades result in deformations in the ductal structures. It is also observed in Fig. 4 (c)-(f), the shape of the ductal structures are less symmetrical than Fig. 4 (a) and (b). We quantify this change by computing the elongation of the ductal structures that is defined by the ratio between the minor and major axis lengths of the ellipse fitted to the ductal structure. This fitting is achieved by finding the ellipse that has the same normalized second central moments as the region. Values close to 1 indicate less elongated and more symmetrical ductal structures. Note that this feature was used by Chang et al. [8] to characterize the effects of a treatment in a pre-cancerous cell line.
Number of Nuclei
As the cancer yields unregulated growth and division of cells, the number of nuclei in malignant ductal structures are expected to be larger than the number of nuclei in precancerous ductal structures. With this motivation, we use the number of nuclei in ductal structures as one of our features. The segmentation of the cell nuclei is also accomplished by the watershed segmentation technique described in Section 2.3 using the binarized blue (nuclei) channel image only.
Hollow Lumen Area to Ductal Structure Area Ratio
As shown in Fig. 2 , cell nuclei in the pre-cancerous tissues are typically located near the basal side of the ductal structures yielding a hollow lumen formation in the ductal structures where no nuclei are observed [5, 7] . As the cancer progresses and cells lose their contact inhibition, the nuclei tend to be located randomly within the ductal structure. Thus, a decrease in the hollow lumen area is expected. By measuring the ratio between the areas of the hollow lumen and the ductal structure across different grades of cancer, the differences in the relative hollow lumen size are quantified. Values closer to 1 indicate larger hollow lumens, and 0 indicate smaller hollow lumens. In order to compute the hollow lumen area, we assume the hollow lumen is circular and compute its radius as the Euclidean distance between the centroid of the ductal structure and the nearest nucleus to the centroid.
Basal and Lateral Protein Densities
The progression of cancer can also be observed through the densities of the basal and lateral proteins. In pre-cancerous grades of cancer, these proteins are localized specifically in the ductal structure along the basal cell membranes and cellto-cell lateral membranes, respectively. In malignant grades of cancer, due to the loss of cellular polarity, not only the localization of these proteins in the corresponding regions change but also expressions of these proteins are observed in different regions of the ductal structures. We propose the following features to measure the changes in the densities of the basal and lateral proteins within the ductal structures.
• Integrin α6 density measures the ratio of the amount of green fluorophores expressed within the ductal structure to the total ductal area. As pre-cancerous cancerous cells exhibit high cellular polarity, integrin α6 is localized to the basal membrane of these cells. Hence, a low density of integrin α6 is expected within the ductal structure. Reduced cellular polarity in the malignant grades of cancer enables greater internal expressions of integrin α6 within the ductal structure.
• Integrin α3 density measures the ratio of the amount of red fluorophores expressed within the ductal structure to the total ductal area. In pre-cancerous cultures integrin α3 is localized to the cell-to-cell lateral membranes. Malignant tumors cause changes in the localization of the integrin α3. Therefore, a variation in the expressions of this protein across different cell lines is expected.
• Ductal basal side continuity measures the localization of integrin α6 along the basal cell membrane. In precancerous cultures, epithelial cells exhibit high cellular polarity and green fluorescent markers that are used to identify integrin α6 are mostly localizes at the basal membrane of cells thereby forming a continuous ductal basal side. As the malignancy of the cancer increases, the majority of cells lose their cell polarity and no longer localize specific proteins within their membrane. Hence, the ductal basal sides exhibit less continuity of green fluorescent marker. We quantify this change by computing the amount of green fluorescent marker along the ductal basal sides.
First, we take the difference between the ductal structure and its morphologically eroded version to obtain a binary contour mask. This mask is then overlaid with the corresponding slice of the binarized green channel image to obtain the amount of integrin α6 localized along the basal side of the ductal structure. Next, we superpose the resulting image with rays that initiate at the centroid of the ductal structure oriented along angles in one-degree increments covering a complete circle. Finally, the total number of times that these rays intersect with the green markers is counted and normalized between 0 and 1 to obtain the ductal basal side continuity. Values close to 1 correspond to intact ductal basal sides and, thus, indicate high cellular polarity.
• Amount of integrin α3 colocalized with integrin α6 measures the ratio between the amount of red fluorophores that overlap with the green fluorophores and the total amount of red fluorophores within the ductal structure. As epithelial cells become more metastatic, they lose their cell polarity and exhibit increased colocalization of basal and lateral proteins.
• Amount of integrin α6 colocalized with integrin α3 measures the ratio between the amount of green fluorophores that overlap with the red fluorophores and the total amount of green fluorophores within the ductal structure.
• Density of integrin α3 in the exterior of the hollow lumen measures the ratio between the amount of red fluorophores localized in the exterior of the hollow lumen (excluding the basal membrane) and the total amount of red fluorophores within the ductal structure. Since integrin α3 localization is not confined to cell-to-cell lateral membranes in malignant tumors, expressions of this protein are expected within the hollow lumen as well as the cell-to-extracellular matrix border. Therefore, this density constitutes another useful feature to characterize the ductal structures. If most of the integrin α3 is localized outside of the hollow lumen, this measure gets values closer to 1.
• Cumulative spatial distribution of integrin α6 quantifies the spatial distribution of the green fluorophores within the ductal structure. It is computed as the ratio between the amount of the green fluorophores located within concentric circles that are centered at the centroid of the ductal structure and the total amount of green fluorophores in the ductal structure. The radii of the concentric circles are increased by one-tenth of the radius of the circle that circumscribes the whole ductal structure at each step. Cell lines that have expressions of integrin α6 near the centroid of the ductal structure show relative early increases in the cumulative distributions than the others.
Classification of Cancer Grades
We use support vector machines (SVM) to classify the ductal structures into pre-cancerous, non-invasive ductal carcinoma, and invasive ductal carcinoma forms of breast cancer using the features defined previously. SVM is a supervised machine learning technique that has been commonly used for the classification of two-class data [19] . Though alternate supervised learning techniques may also be utilized, we choose SVM classifiers due to their successful record in biological applications [20] . In supervised learning, the data is first divided into training and test sets. The classifier is trained with the labeled training data and the classes of the test data is then decided using this classifier. In SVM training stage, the training data are mapped into a higher dimensional space with a kernel function where the data become linearly separable. A separating maximummargin hyperplane is established to separate the different class data with minimal misclassification via quadratic optimization [21] . The test data are classified by determining the side of the hyperplane they lie on in the kernel-mapped space. In order to extend SVM for three-class classification, we employ the one-against-one approach [22] where three two-class SVM classifiers are established for each pair of classes in the training data set. Each sample in the test data is assigned to a class by these classifiers and the class with the majority vote is chosen as the final result. If there is equal voting for the three classes, we choose the class that has the largest margin from the separating hyperplane.
RESULTS
Our dataset consist of 24 images for 7 days, and 30 images for 14 days. We tuned the parameters of the segmentation algorithm for the optimal identification of the stained structures. Figure 5(a) shows a sample slice from a pre-cancerous AT cell culture and Figs. 5(b) and (c) show the binarized version and segmentation results of the ductal structures where each unique color corresponds to a unique ductal structure, respectively. It is seen that our segmentation algorithm is generally successful in identifying the ductal structures. The features described in Section 2.4 are extracted for each ductal structure in the images. Tables 1 and 2 show the feature statistics for the 7 and 14 days cultures. The cumulative spatial distribution of integrin α6 within the ductal structure is shown separately in Fig. 6 for better visualization. General trends in the features conform with our expectations as the cancers progress. For instance, the duc- tal structures in pre-cancerous cell-lines are typically less elongated thus more symmetrical than the ductal structures in malignant cell-lines. In addition, their ductal basal sides have higher continuity and the hollow lumens are larger than the malignant cell lines. Lastly, as seen in Fig. 6 , most of the integrin α6 in pre-cancerous ductal structures are localized closer to the ductal basal side than the malignant cell lines.
Despite the agreements with our expectations, we also see that most of the features exhibit large amounts of variations. In order to determine the statistical significance of the features, we perform two-tailed, two-sample t-tests [23] between the feature distributions of each pair of cell lines. Due to length constraints, we only present the results for a subset of these features. Figures 7, 8, and 9 show the average values of the ductal structure elongation, ratio of hollow lumen area to ductal structure area, and ductal basal side continuity, respectively, across the cell lines. Subfigures (a) and (b) in these plots show the results for the 7 and 14 days data sets, respectively and the error bars correspond to the standard deviation of the feature. The two-tailed t-test pvalues are represented with different number of color-coded asterisks on top of each plot. There clearly exists a high statistical significance between the features of pre-cancerous and invasive ductal carcinoma tumor grades. We also see some statistical significance for the measurements between the non-invasive and invasive ductal carcinoma grades. Nevertheless, a consistent high-level statistical significance profile across all cell lines for any of these features is hardly observed. Hence, the characterization of different forms of cancer by utilizing these features individually is difficult to accomplish. However, when the features are taken into consideration as an ensemble, the measurements in Tables 1  and 2 reveal that each cell line exhibits a unique profile that enable classification between the cancer grades with satisfactory accuracy as we present next. The ductal structures are classified into pre-cancerous, non-invasive ductal carcinoma (NIDC), and invasive ductal carcinoma (IDC) grades of breast cancer using the SVMbased classification described in Section 2.5. In order to reduce the scale differences within the features, the data is normalized so that the features have zero mean and unit variance across the samples. Radial basis function, also referred to as Gaussian kernel, K (x i, xj) = exp −
is commonly used in SVM classifiers to map the data into an infinite dimensional Hilbert space [21] . We employ the radial basis function with σ equals to 2 in the SVM classifiers used in this study. K-fold cross-validation is performed to obtain unbiased performance estimates. The data is first randomly divided into K disjoint partitions of equal size. For each partition, an SVM classifier is trained with the remaining K − 1 partitions and then tested on the retained partition. The results for each partition are then combined to find the overall classification accuracy. In this study, 10-fold crossvalidation is performed. Overall classification accuracies of 69.4% and 79.0% are achieved for the ductal structures at 7 and 14 days, respectively. This indicates that as the cancers progress, the proposed features capture the characteristics of different cancer grades with better fidelity. Tables 3 and 4 show the classification results for each cell line at 7 and 14 days, respectively. Using the ductal structure elongation alone as described in [8] , we achieve 34.9% and 46.3% accuracy in classifying the 7 and 14 days data sets, respectively. Note that these results are slightly better than randomly assigning the classes. This clearly highlights the advanced abilities of the features proposed in this paper. Finally, the overall grade of each image in the data set is decided by choosing the majority class of the ductal structures within the image. All 24 images in the 7 days data set are classified correctly resulting in perfect classification accuracy (100%). Only one KCL culture image is classified as invasive ductal carcinoma in the 14 days data set and the 
CONCLUSION
In this paper, we propose a method that enables quantitative characterization of different grades of cancer in 3D epithelial breast cultures. Specifically, we propose features based on ductal structure morphology that capture differences that are difficult to assess under microscopic inspection. The experimental results demonstrate the efficacy of the proposed features to differentiate between the precancerous, non-invasive ductal carcinoma, and invasive ductal carcinoma grades of breast cancer. Our method demonstrates great promise to model morphology-function relationships within controlled 3D systems and hold potential as an automatic breast cancer prognostic tool.
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